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Abstract Developing robust downscaling methods is essential for maximizing the applicability of climate
model outputs in engineering design and climate mitigation, particularly in a changing climate. This study
evaluates four deep learning model configurations for downscaling, focusing on their structure, functionality,
and ability to capture localized convective events in the Canadian prairies. These model configurations aim to
downscale coarse‐resolution climate model outputs (∼200 km) to the finer spatial resolution of regional climate
models (∼50 km) for hourly precipitation. We introduce advanced metrics to assess the fidelity of precipitation
downscaling, examining both marginal statistics and spatiotemporal dependencies. A U‐Network (UNET)
captures spatial and temporal dependencies efficiently while three generative adversarial networks (GANs)
configurations incorporate a critic network to enhance the realism of generated fields. The study also evaluates
the effects of a thresholding layer to constrain precipitation values and a convolution long short‐term memory
layer in the GAN critic to better capture temporal dependencies. Results show that all four model configurations
effectively capture spatial dependencies, with the simplest GAN architecture outperforming others in preserving
temporal dependencies. Latitudinal correlations are better preserved than longitudinal across all models. While
UNET produces overly smoothed fields, GANs generate more detailed outputs when downscaling Coupled
Model Intercomparison Project phase 6 projections. By optimizing deep learning models for this region, the
study provides key insights into future precipitation trends, enabling the identification of localized storms.
These findings are critical for improving infrastructure resilience across catchments in the prairies.

Plain Language Summary This study compares four deep learning models for downscaling future
hourly precipitation data in the Canadian prairies. We focus on studying how well these deep learning models
transform coarse climate projections (∼200 km) into finer, more detailed fields (∼50 km) for hourly
precipitation fields. These models include a U‐Network (UNET) and three generative adversarial network
(GAN) configurations, assessed based on their ability to reproduce spatial patterns, temporal sequences, and
statistical accuracy. While UNET captures these aspects satisfactorily, GANs produce more localized and
detailed downscaled fields. The simplest GAN configuration preserves temporal patterns well. GANs also
succeeded in downscaling Coupled Model Intercomparison Project phase 6 projections, confirming an
increasing trend of hourly precipitation under the effect of climate change. The results show that deep learning
can help downscale local storms and improve infrastructure planning.

1. Introduction
Global circulation models (GCMs) simulate the physical processes in the Earth's system, including water and
energy cycles. The latest version of GCMs offered by the Coupled Model Intercomparison Project (CMIP6)
shows a better representation of total precipitation than previous generations (Chen et al., 2020; Luo et al., 2021;
Song et al., 2021). CMIP6 also offers a large ensemble of simulations through its scenario experiments, which
examine potential climate outcomes based on varying levels of global warming and socioeconomic developments
by the end of the century. These scenarios are categorized as shared socioeconomic pathways (SSPs), reflecting
different global emission trajectories and their corresponding impacts (O’Neill et al., 2016). The commonly used
SSPs include SSP1‐2.6, SSP2‐4.5, SSP3‐7.0, and SSP5‐8.5. Each SSP represents a different pathway: SSP1‐2.6

RESEARCH ARTICLE
10.1029/2025JH000678

Key Points:
• Wasserstein generative adversarial

networks (WGAN) models maintained
spatial and temporal dependencies,
with the simplest structure performing
best

• For Coupled Model Intercomparison
Project phase 6 (CMIP6) downscaling,
U‐Network produced overly smoothed
fields, while WGAN generated more
localized and detailed patterns

• The WGAN downscaled precipitation
accurately replicated the distribution of
the Canadian Regional Climate Model
(CanRCM4), effectively capturing
extreme precipitation values

Supporting Information:
Supporting Information may be found in
the online version of this article.

Correspondence to:
H. M. Abdelmoaty,
heba.abdelmoaty@ucalgary.ca

Citation:
Abdelmoaty, H. M., Papalexiou, S. M.,
Mamalakis, A., Singh, S., Coia, V.,
Hairabedian, M., et al. (2025). Generative
adversarial networks for downscaling
hourly precipitation in the Canadian
Prairies. Journal of Geophysical Research:
Machine Learning and Computation, 2,
e2025JH000678. https://doi.org/10.1029/
2025JH000678

Received 6 MAR 2025
Accepted 7 OCT 2025

© 2025 The Author(s). Journal of
Geophysical Research: Machine Learning
and Computation published by Wiley
Periodicals LLC on behalf of American
Geophysical Union.
This is an open access article under the
terms of the Creative Commons
Attribution‐NonCommercial License,
which permits use, distribution and
reproduction in any medium, provided the
original work is properly cited and is not
used for commercial purposes.

ABDELMOATY ET AL. 1 of 23

https://orcid.org/0000-0002-2288-691X
https://orcid.org/0000-0001-5633-0154
https://orcid.org/0000-0003-0285-0722
mailto:heba.abdelmoaty@ucalgary.ca
https://doi.org/10.1029/2025JH000678
https://doi.org/10.1029/2025JH000678
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1029%2F2025JH000678&domain=pdf&date_stamp=2025-10-24


assumes a significant reduction in emissions, aligning with a sustainable development trajectory; SSP2‐4.5
projects a continuation of historical emission trends; SSP3‐7.0 represents a medium‐to‐high emission scenario
associated with moderate socioeconomic challenges; and SSP5‐8.5 envisions a future of rapid economic growth
with high emissions, potentially leading to severe climate impacts. The availability of multiple scenarios and
numerous realizations in CMIP6 provides a robust ensemble, which is extremely beneficial for assessing future
climate risks and guiding mitigation strategies.

However, GCMs operate at coarse spatial resolutions (∼200 km), which prevents them from accurately repre-
senting localized convective storms and the associated precipitation extremes (Dong et al., 2021). To obtain finer‐
scale precipitation fields, which are mostly the key drivers of extreme flood events, downscaling approaches are
required. Regional climate models (RCMs) typically operate at 10–50 km resolution, while convection‐permitting
models (CPMs) can reach grid spacings of ≤5 km, allowing more explicit simulation of mesoscale convective
processes (Chan et al., 2012; Schär et al., 2020). Although increasing resolution improves the representation of
precipitation and reduces reliance on parameterized convection, it comes at substantial computational cost,
limiting the spatial domains and ensemble sizes that can be simulated (Hwang, 2023; Li & Li, 2023). Conse-
quently, RCMs are often employed as a compromise, offering improved spatial detail relative to GCMs while
remaining computationally feasible for multidecadal simulations.

Leveraging the few RCM realizations, deep learning models (i.e., computational algorithms inspired by neural
networks that can automatically detect complex patterns) can learn the spatial and temporal dependencies of fine‐
scale precipitation, enabling the numerical downscaling of the CMIP6 projection ensemble (Baño‐Medina, 2020).
Among the recent advances in deep learning models is the generative adversarial networks (GANs), which have
proven competency in previous studies. Chaudhuri and Robertson (2020) investigated the ability of GANmodels
to downscale historical CMIP6 simulations between 1950 and 2010 for the Tsa Tue Bio‐reserve, located in the
Northwest Territories, Canada. The results illustrated that the downscaled daily precipitation aligns well with
observations, including extreme precipitation. The same approach was used to downscale wind speed over the
USA, highlighting a good performance for different configurations of GANmodels. Additionally, GANs have the
capacity to preserve temporal dependencies (Leinonen et al., 2021). Hess et al. (2023) presented a physically
constrained GAN approach to correct biases in GCM outputs. Their method improved both local frequency
distributions and spatial patterns of hourly precipitation over UK, addressing challenges in representing pre-
cipitation extremes.

GAN‐based deep learning models are still being refined to achieve operational downscaling for GCMs (Sun
et al., 2024). Li and Cao (2024) developed the MSG‐SE‐GAN model, which demonstrated an excellent perfor-
mance in downscaling variables such as temperature and wind to a 6‐hr temporal resolution over the western North
Pacific region at 10 km. More recently, a variant of GANs, the Wasserstein GAN (WGAN) model, outperformed
regression models for downscaling daily precipitation in New Zealand (Rampal et al., 2025). Iotti et al. (2025)
introduced RainScaleGAN, a conditional deep convolutional GAN optimized for precipitation downscaling over
European regions. Theirmodel effectively outperformed theRainFARMmodel (Rebora et al., 2006), awidely used
rainfall downscaling technique that applies a nonlinear transformation to a Gaussian random field, replicating
spatial patterns and statistical distributions of daily precipitation using the ERA5‐Land reanalysis data set.

Despite recent advancements in applying GAN‐based models for downscaling hydroclimatic variables, there
remains a research gap in applying these models to downscale CMIP6 projections to resolve fine‐scale processes
in hydrologically complex regions such as the Canadian prairies. Existing studies have demonstrated the potential
of GANs in reproducing spatial and temporal dependencies, yet these efforts have typically focused on daily or
coarser temporal resolutions, specific subregions, or reanalysis data sets rather than directly on CMIP6 GCM
outputs. Notably, no prior studies have explored the use of GANs to downscale hourly precipitation from CMIP6
projections over the Canadian prairies. In this region, catchments are highly susceptible to extreme rainfall events
and thus require high‐resolution projections. Hence, informed risk assessment and adaptation planning could be
implemented for protecting infrastructure crossing watersheds.

Accordingly, this study investigates the potential of four distinct deep learning models by incorporating several
novel aspects: (a) the use of high temporal resolution hourly precipitation data, (b) the application of newly
introduced advanced metrics to assess model performs in reproducing both marginal statistics and spatiotemporal
dependencies acrossmultiple spatial directions, and (c) the direct application of deep learningmodels to downscale
CMIP6 projections in the Canadian prairies. These proposed models are tasked with downscaling GCM hourly
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precipitation outputs (∼200 km) to the spatial resolution of RCMs (∼50 km), in a case study focused on the Ca-
nadian prairies. We finally compare the downscaled data of the extreme hourly precipitation distribution derived
from the coarse‐resolution data with the high‐resolution fields generated by the regional model. By achieving this
purpose, hourly precipitation data can be available with ensembles under various climate change scenarios that are
crucial for impact studies, risk management, and engineering designs, especially for vulnerable regional
catchments.

2. Data
2.1. Study Area

In Canada, thunderstorms during the warmer seasons of spring and summer are associated with severe rainfall
events typically lasting a few hours (Hanesiak et al., 2022; Milrad et al., 2011). These storms have led to sudden,
localized flooding, overwhelming drainage systems, damaging critical infrastructure, and causing significant
disruptions to agricultural productivity. Such events highlight the need for improved understanding of subdaily
precipitation patterns. Additionally, with a changing climate, the frequency, intensity, and unpredictability of
these extreme weather events across Canada are getting amplified, making them a growing concern for sus-
tainable water management, urban planning, and disaster risk reduction (Brooks, 2013; Prein et al., 2017). This
trend underscores the urgency of studying and preparing for these changes, particularly in regions already prone to
such events. Given the susceptibility of this region to convective storms, we focus on the Canadian prairies as the
study area to validate our downscaling schemes and explore precipitation projections under various SSPs, noting
also their unique hydrological behaviour, driven by depressional storage and intermittent basin connectivity
(Shook et al., 2021). The Canadian prairies region, characterized by its semiarid climate and reliance on agri-
culture, is particularly vulnerable to the effects of extreme precipitation (Mapfumo et al., 2023). The geographic
extent of the study ranges from 121° to 94° west and from 48° to 61° north, considering a large portion of the
Canadian prairies region (Figure 1).

2.2. Simulations

We use the most recent and publicly available model results of the Canadian RCM (CanRCM4) developed by
Environment and Climate Change Canada (Diaconescu, 2016). CanRCM4 offers high‐resolution simulations of
hourly total precipitation at 0.44° (∼50 km; Scinocca et al., 2016). For the historical period (1950–2005),
CanRCM4 offers one historical simulation, which provides 20,416 days to train and test the four model

Figure 1. Study area map covering the study area covering the Canadian prairies.
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configurations. For prediction, we employ CNRM‐ESM2‐1 ensemble members from CMIP6 (∼200 km),
including SSP1‐2.6, SSP2‐4.5, SSP3‐7.0, and SSP5‐8.5 projections spanning 2015–2100, to showcase the
functionality of the employed methods. The selection of the downscaled spatial resolution (i.e., 50 km) was
imposed by the availability of these simulations for the study area.

We use CanRCM4 outputs as the high‐resolution reference data set within the study region. These fields consist of
1,404 grid cells (54 longitudes × 26 latitudes), corresponding to a resolution of approximately 50 km. To mimic
GCM output resolution, we aggregate these fields to a coarser resolution of 98 grid cells (14 longitudes × 7
latitudes, ∼200 km) using the spatial average. Our deep learning models are trained to learn the mapping between
low‐resolution (200 km) and high‐resolution (50 km) fields using CanRCM4 data. Once trained, the four model
configurations are applied to downscale CMIP6 precipitation fields, which predominantly have the same coarse
resolution used in this study (200 km). The input data consist of daily precipitation fields as a 3D structure
(longitude × latitude × 24‐hr time steps). The four deep learning models process these 3D inputs and generate
higher‐resolution (50 km) precipitation fields while preserving the temporal structure, effectively applying a
super‐resolution approach to downscaling.

3. Methods
3.1. Overview

A deep learning model is a multilayered neural network designed to automatically learn and extract hierarchical
features from large and complex data sets to solve tasks like classification, prediction, or generation (Liu
et al., 2017). A foundational component of many deep learning models is the convolutional neural network
(CNN), which is well suited for capturing spatial features, patterns, and hierarchical structures within gridded data
(Albawi et al., 2017; Bouvrie, 2006; O’Shea & Nash, 2015). To address problems involving both space and time,
such as precipitation fields, convolutional long short‐term memory (ConvLSTM) layers are often used. These
layers combine the spatial capabilities of CNNs with memory mechanisms from recurrent networks to learn
temporal dependencies, making them effective for modeling spatiotemporal processes.

Generative adversarial networks (GANs) are another class of deep learning models designed for data generation
(Goodfellow et al., 2016). Conditional GANs, a variant where generation is conditioned on input data (e.g., low‐
resolution fields), are particularly suited for downscaling tasks (Mirza & Osindero, 2014). However, GANs often
suffer from training instability and mode collapse, which can limit their effectiveness in generating diverse and
realistic outputs (Wiatrak et al., 2020). To address these issues, the Wasserstein GAN (WGAN) introduces a
different loss function based on the Wasserstein distance, providing smoother gradients and more stable training
(Leinonen et al., 2021).WGANs consist of two competing neural networks: a generator and a critic. The generator
is a network with a U‐shaped architecture, known as a UNET model when applied as a stand‐alone model. It also
allows for incorporating a random noise input, which contributes to its stochastic nature. This generator attempts
to produce high‐resolution outputs from coarse‐resolution inputs, while the critic evaluates the realism of the
generated outputs by comparing them to the reference high‐resolution data. This adversarial setup is particularly
beneficial for downscaling precipitation, which involves complex, fine‐scale spatial structures and high vari-
ability that traditional regression techniques struggle to reproduce (Rampal et al., 2024). WGANs are thus well
suited for learning such intricate statistical distributions and producing physically plausible high‐resolution
precipitation fields (Annau et al., 2023; Chaudhuri & Robertson, 2020). An illustration of the conceptual
design of WGANs is shown in Figure S1 in Supporting Information S1.

To investigate the effectiveness of various deep learning architectures for precipitation downscaling, four model
configurations were developed and evaluated.

Model 1. The UNET model serves as a baseline for comparison. It employs an encoder‐decoder structure with
skip connections to capture spatial features of precipitation fields. The encoder reduces spatial dimensions while
extracting hierarchical features, and the decoder reconstructs high‐resolution outputs. This architecture is widely
used for image‐to‐image translation tasks, and recently, it has dominated the field of weather forecasting (e.g.,
Kaparakis & Mehrkanoon, 2023; Li et al., 2024; Trebing et al., 2021).

Model 2. The second model (hereafter, WGAN) integrates a ConvLSTM layer into the generator of the WGAN.
The generator maps low‐resolution precipitation inputs to high‐resolution outputs while capturing temporal
dependencies. The critic evaluates the quality of generated fields without temporal layers that explicitly
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understand the temporal dependence. However, the critic uses a set of fully connected layers that decompose and
process the third dimension (i.e., time). The outputs of this model are not constrained to nonzero values. Note that
we perform a thresholding in a postprediction setting, simply by setting all predicted values <0.1 to zero (See
Section 3.4 for more details).

Model 3. Intermittent precipitation, where many grid cells contain near‐zero or zero precipitation values, poses a
challenge in downscaling because models may struggle to distinguish between wet and dry regions. This issue can
lead to unrealistic precipitation patterns, particularly by introducing spurious low‐intensity precipitation or failing
to preserve the spatial distribution of dry areas. To mitigate this challenge, the third model (hereafter,
WGAN_NZ) includes a nonzero thresholding layer within the generator in addition to the structure of the pre-
vious model. This layer ensures that generated precipitation fields do not include negative values or positive ones
very close to zero, effectively distinguishing between zero and nonzero precipitation regions. The critic archi-
tecture remains the same as for Model 2.

Model 4. The fourth model (hereafter, WGAN_NZ_DT) combines the advantages of temporal and threshold‐
aware mechanisms. This model has the same description as Model 3 but with an additional ConvLSTM layer
in the critic network. The nonzero thresholding layer remains in the generator.

3.2. Models Structure

The four models employed are permutations and combinations of the architecture shown in Figure 1. Central to
this architecture are residual blocks, each consisting of two convolutional layers (ConvL) followed by activation
layers. These blocks process the input through the activation and convolutional layers and then add the input back
to the output. This design deepens the model without altering its overall structure. Inactive residual blocks with
near‐zero weights function as identity maps, passing their input forward without modification. During training,
the network dynamically activates additional blocks as it learns to leverage deeper features. While increasing the
number of residual blocks elevates computational cost, it does not compromise performance (Leinonen
et al., 2021). The ConvLs in the residual blocks use a kernel size of 1 × 1, while ConvLs outside the residual
blocks have a kernel size of 3 × 3.

The generator network (Figure 2a) is designed to produce high‐resolution outputs from low‐resolution inputs. To
enhance realism and support ensemble generation, a noise factor is introduced and concatenated (i.e., merged)
with the low‐resolution input. The generator follows a UNET structure, serving as the first model in this study. In
the encoding phase, the generator takes two inputs: a low‐resolution sequence of 24 time steps and a latent noise
vector sampled from a standard Gaussian distribution. The noise vector is transformed via a dense layer and
broadcast across time to introduce stochasticity (i.e., a shared noise across the 24 time steps for each daily input).
During training and inference, new noise vectors are sampled independently for each input, enabling the model to
generate a range of plausible high‐resolution outputs conditioned on the same low‐resolution input. Moreover, by
applying the same noise vector across all time steps for each daily input, the model incorporates global sto-
chasticity at the daily scale without disrupting the temporal dependencies it is designed to capture. The decoding
phase begins with a ConvLSTM layer to learn temporal dependencies, followed by a series of upsampling layers
and ConvLs, ultimately producing the high‐resolution output. To preserve edge continuity and prevent artifacts,
reflection padding layers are applied after upsampling layers. The activation function used throughout the
network is the leaky rectified linear unit (leaky ReLU) with a negative slope of 0.2, except for the output layer,
which uses a linear activation function (Figure 2a). We chose a negative slope of 0.2 for the leaky ReLU activation
based on the common practices, where this slope has been shown to provide stable gradients and improved
convergence during adversarial training (e.g., Gulrajani et al., 2017; Leinonen et al., 2021; Radford et al., 2016).

An optional threshold layer is included after the output layer to prevent the generation of negative or very small
positive nonzero values. This threshold layer is utilized in the WGAN_NZ and WGAN_NZ_DT models. An
ablation study (i.e., a process used to determine the optimum configuration by changing parameters or adding/
removing components in a network) revealed that dropout layers, typically used to prevent overfitting, were
unnecessary for this model. Instead, a regularization technique with a decay weight of 0.001 was incorporated.
The critic network (Figure 2b) starts with two independent pathways for the low‐resolution and high‐resolution
inputs. Each input passes through several residual blocks before being concatenated and processed through an
additional residual block. This merged output allows the critic to effectively leverage information from both
inputs.
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Next, the combined features pass through either a ConvL layer (used in WGAN and WGAN_NZ) to deepen the
network's learning capacity or a ConvLSTM layer (used in WGAN_NZ_DT) to enhance temporal understanding.
The combined fields are concatenated again with the high‐resolution fields from earlier residual blocks, further
improving the critic's ability to evaluate whether the generated high‐resolution field is real or false. Afterward, the
fields are flattened using a global average pooling layer and pass through several dense layers, producing a single
output that determines whether the input field is real or fake. Similar to the generator, the critic employs the leaky
ReLU activation function with a negative slope of 0.2, except for the output layer, which uses a linear activation
function. No dropout layers are included; instead, spectral normalization is applied to all ConvLs. The iterative
design process refined key architectural choices, including the number of residual blocks, convolutional layers,
activation functions, regularization weights, and the inclusion of reflection padding and spectral normalization.

3.3. Training Procedure

The full data set of CanRCM4 comprises daily precipitation fields from 1950 to 2005, totaling 20,416 days. We
used the first 13,611 days (approximately 1950–1987), representing 70% of the data, to train all deep learning

Figure 2. The structure of the generator and critic networks used for the U‐Network and Wasserstein generative adversarial networks models. Each box represents the
dimensions of the inputs as they pass through the layers. The dimensions are expressed as time steps, number of latitudes, number of longitudes, and number of channels.
The single numbers indicate the channel numbers after flattening the other dimensions.
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models, while the remaining 6,805 days (1987–2005) were reserved for evaluation. The split was performed
chronologically to simulate a realistic scenario in which models are trained on historical climate data and
evaluated on subsequent periods.

The UNETmodel is optimized by minimizing the mean absolute error (MAE), a straightforward loss function that
directly compares predicted and true values. WGAN models are optimized using the Wasserstein loss, which
approximates the distance between real and generated data distributions. UNET consists of a single network that
directly learns to generate high‐resolution outputs, whereas WGANs involve two interacting networks that learn
adversarially. As a result, UNET models often converge more easily and require less tuning than WGANs. An
overview of the training parameters for the UNET and WGAN models is provided in Table S1 in Supporting
Information S1. The trained UNET model was then used to initialize the generator in the WGAN framework,
which considerably enhanced training stability (Frégier & Gouray, 2021; Ham et al., 2020). Additionally, Figure
S2a in Supporting Information S1 shows the UNET's training and validation loss, confirming its effective
convergence using the MAE objective. Figure S2b in Supporting Information S1 presents the WGAN's adver-
sarial training losses. Notably, while the critic loss remains relatively stable, the generator loss exhibits fluctu-
ations that reflect adversarial learning. These dynamics, absent in the UNET‐only training, demonstrate how the
WGAN framework further refines the generator's outputs beyondMAEminimization, supporting the added value
of adversarial training in capturing more realistic spatial structures.

ForWGANmodels, the training process involved optimizing the generator and critic losses using theWasserstein
loss with the gradient penalty (Gulrajani et al., 2017). It is an enhancement of the standard Wasserstein loss used
in GANs. This loss stabilizes training and improves convergence by addressing the limitations of weight clipping,
a technique used in the original Wasserstein GAN to constrain the critic's weights but often leading to poor
optimization and capacity issues. The gradient penalty enforces the Lipschitz constraint, which ensures that the
critic has gradients with a norm close to 1.

The Wasserstein objective function for the critic is defined as follows:

LC = Ez∼Pg [C(G(z))] − Ex∼Pr [C(x)] (1)

where C(x) is the critic; x ∼ Pr represents real samples from the true data distribution; z ∼ Pg represents low‐
resolution samples merged with the input noise given to the generator; G(z) is the generated high‐resolution
samples; and E is the expectation of the outputs. C(x) is a continuous function that results in values ∈ R,
which represent a score measuring how real x is. Higher values indicate that a sample is more realistic, while
lower values indicate that a sample is more fake.

The gradient penalty term is introduced as follows:

LGP = λ · E x̂∼Px̂ [(‖∇ x̂ C( x̂)‖2 − 1)2] (2)

where x̂ is a random interpolation between real and generated samples, defined as x̂ = εx + (1 − ε)G(z),
where ε ∼ Uniform(0, 1); ‖∇ x̂ C( x̂) ‖2 is the L2‐norm of the gradient C with respect to x̂; and λ is a weight
coefficient that controls the weight of the gradient penalty.

The final objective function for the critic, including the gradient penalty, is as follows:

LC = Ez∼Pg [C(G(z))] − Ex∼Pr [C(x)] + LGP (3)

For the generator, the loss is the negative expected value of the critic output on generated samples as follows:

LG = − Ez∼Pg [C(G(z))] (4)

The generator aims to minimize the loss function by increasing the critic's score given to its generated samples.
Since the critic network tries to maximize the difference between the score given to the real and generated samples
while the generator aims to minimize that separation, this adversarial relationship is intentional. It is designed to
drive the iterative improvement of both networks.
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The training parameters were determined through an iterative design process and common practice in GAN
literature (e.g., Bhatia & Dahyot, 2019; Gulrajani et al., 2017; Leinonen et al., 2021; Radford et al., 2016; Tirel
et al., 2024). The gradient penalty weight (λ) was optimized to a value of 10. The Adam optimizer was selected for
its combined benefits of momentum‐based optimization and adaptive learning rate adjustment. A learning rate of
0.0001 was chosen for the critic and 0.0002 for the generator, with β1 = 0.5 and β2 = 0.9 as the exponential
decay rates for the first and second moment estimates in the optimizer function. The batch size was set to 32, and
the model was trained over 30 epochs. To enhance performance, the critic was trained for more steps than the
generator, as recommended in prior work (Leinonen et al., 2021). Specifically, in our model, the critic underwent
one additional training step ahead of the generator during each iteration.

3.4. Evaluation Analyses

3.4.1. Distribution Evaluation

For each 24‐hr time series, the probability of zero precipitation (P0), mean, second L‐moment, L‐skewness, and
L‐kurtosis were calculated for both the simulated and original fields. Unlike many previous downscaling studies
that rely primarily on mean and variance, our analysis incorporates higher‐order L‐moments (L‐skewness and
L‐kurtosis), which provide a more rigorous assessment of the distributional shape and tails of hourly precipitation.
We employed L‐moments in our analysis because they provide a more robust evaluation of model performance
than ordinary moments in reproducing the statistical characteristics of hourly precipitation. For instance, a bias in
the mean indicates the model struggles with capturing the central tendency, while a bias in the second L‐moment
reveals issues with reproducing variability. Similarly, discrepancies in L‐skewness or L‐kurtosis suggest the
model is misrepresenting the asymmetry or the peakedness and tails of the distribution, respectively. These
statistics were assessed using scatterplots, along with bias (Equation 5) and root mean square error (RMSE;
Equation 6) metrics, to quantify the differences between the simulated and original fields. We applied a pre-
cipitation threshold of 0.1 mm hr− 1 to hourly data to exclude drizzle‐like signals, those below the detection limits
of standard rain gauges and model outputs, and to focus our statistical analysis on meaningful precipitation events.
This threshold is commonly used in both observational and modeling studies to define “wet hours” and reduce
noise from spurious light precipitation (e.g., Lauer et al., 2023; Lei et al., 2022; Thomassen et al., 2022).
Accordingly, P0 was calculated using the zero precipitation (i.e., values below 0.1 mm), while the remaining
statistics were estimated using nonzero precipitation (i.e., values above 0.1 mm).

Bias =
1
n
∑

n

t=1
(Ss − So)t (5)

RMSE = (
1
n
∑

n

t=1
(Ss − So)2t )

1/2

(6)

where, Ss is the simulated statistic for a time series, So is the original statistic for the corresponding time series, and
n is the number of time series across the study region. The study region, as represented in the high‐resolution
fields, consists of 1,404 grid cells, each containing a separate time series.

3.4.2. Spatial Similarity

The Pearson linear correlation coefficient (r; Equation 7) was calculated between a field and its shifted field in
both the longitudinal (up to 10 lags, ∼500 km) and latitudinal (up to 5 lags, ∼250 km) directions. A shifted field
refers to a spatially displaced version of the original field, offset by a specified lag in a given direction. This
concept is analogous to temporal autocorrelation, which relates a value at a specific time to the value at the same
location but at a different (shifted) time. Bias and RMSE metrics were then used to quantify the model perfor-
mance for the simulated and original fields. In addition, we adopt the similarity index (SI; Equation 8), originally
developed in image analysis, which has rarely been applied in precipitation downscaling studies, thereby
extending the evaluation tool kit to capture structural fidelity of generated fields (Zhou et al., 2004). This index
quantifies the similarity between the generated and original fields, with a value of 1 indicating perfect similarity
and 0 indicating no similarity.
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r =
∑

N
i=1 (Xi − X) (Oi − O)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑
N
i=1(Xi − X)2 ∑N

i=1(Oi − O)2
√ (7)

SI =
2 ×∑

N
i=1Xi Oi

∑
N
i=1Xi

2 +∑
N
i=1Oi

2 (8)

where, N is the number of fields; Xi is the simulated field value; Oi is the original field value; X is the average of
the simulated field value; and O is the average of the original field value.

3.4.3. Temporal Pattern

For each 24‐hr time series, the Pearson linear autocorrelation coefficient (Equation 7) was calculated for lags up to
5 hr, where N is the number of individual time series within each field. Bias and RMSE metrics were then used to
quantify the differences between the simulated and original fields. Additionally, to account for regional variability
in individual grid time series, the average regional hourly precipitation from the original and generated simu-
lations was compared using several metrics.

First, the coherence coefficient (CC; Equation 9) was calculated to measure the degree of linear correlation
between two signals (simulated and original) at each frequency based on spectral density. To our knowledge,
applying spectral coherence and nonparametric KS tests in the context of evaluating GAN‐generated precipitation
fields is a novel application, offering sensitivity to both frequency domain similarity and distributional shifts
beyond mean/variance metrics.

CC =
|DXO( f )|2

DXX( f ) × DOO( f )
(9)

where, DXO( f ) is the cross‐spectral density between the simulated signal, Xi, and the original one, Oi; DXX( f ) is
the power spectral density of the simulated time series; and DOO( f ) is the power spectral density of the original
time series.

Second, the Kolmogorov‐Smirnov test statistic (KS; Equation 10) was employed to compare the nonparametric
cumulative distributions of the average daily time series from the simulated and original fields, where KS ranges
from 0 to 1, with 0 indicating perfect match between the two distributions, and higher values indicate greater
difference between the distributions.

KS = supx |FX(x) − FO(x)| (10)

where, FX(x) is the simulated distribution; FO(x) is the original distribution; and supx is the supremum
(maximum) over all values of x.

Finally, bias and RMSE were computed for the spatial average of the nonparametric autocorrelation functions
(ACF) of the original and generated fields for each model.

3.4.4. Event‐Based Evaluation

We employed event‐based skill scores to reduce the influence of bias and assess whether specific events occurred
at the same spatial and temporal locations in the predictions as in the original fields. First, both the original and
generated fields were transformed into binary representations based on predefined thresholds. Specifically, we
used a wet/dry threshold of 0.1 mm, the median, and the 75th percentile of the original fields within the testing
data set. For each threshold, a grid cell at a given time was assigned a value of one, if the precipitation exceeded
the threshold, and zero otherwise. Next, we computed the number of true positives (TP; correctly predicted
events), false negatives (FN; missed observed events), false positives (FP; predicted events that did not occur),
and true negatives (TN; correctly predicted nonevents). Finally, we calculated two skill scores: the Heidke skill
score (HSS) and the critical success index (CSI), as defined in Equations 11 and 12 (Zhao et al., 2024). By
integrating event‐based skill scores with distributional, spatial, and temporal diagnostics, our framework provides
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a uniquely multidimensional evaluation of downscaling performance, going beyond the limited set of metrics
typically reported in prior studies. A score of 1 in both metrics indicates perfect similarity, while a score of zero
indicates zero similarity.

HSS =
2 (TP · TN − FN · FP)

(TP + FN) (FN + TN) + (TP + FP) (FP + TN)
(11)

CSI =
TP

TP + FN + FP
(12)

3.5. CMIP6 Application

To demonstrate the applicability of the best‐performing model for downscaling CMIP6 simulations, we conduct a
two‐part analysis that assesses both historical and future performance. First, we evaluate the empirical distri-
butions of downscaled precipitation from the CNRM‐ESM2‐1 model, generated using the best‐performing deep
learning model, against those of CanRCM4 during the historical period from 1995 to 2004. This comparison
focuses specifically on nonzero hourly precipitation events to ensure a meaningful assessment of the precipitation
intensity distributions. Since the deep learning models have been trained on CanRCM4 simulations, the down-
scaled CMIP6 outputs are expected to exhibit statistical properties that align closely with those of CanRCM4. A
strong agreement in the distributional characteristics would indicate that the downscaling model effectively learns
and transfers the underlying precipitation patterns, including frequency, intensity, and variability, from the RCM
to the GCM outputs.

Second, we extend the analysis to future climate projections by applying the best‐performing model to downscale
CMIP6 simulations under multiple emission scenarios. This step serves a dual purpose: (a) confirming the ex-
pected increasing trends in precipitation associated with a warming climate and (b) evaluating the model's ability
to generate “realistic” precipitation fields that match the spatial patterns of the coarse‐resolution/raw simulation.
The model's ability to reproduce extremes was further evaluated using exceedance probability plots. These plots
were created by ranking all nonzero hourly precipitation values from largest to smallest and calculating the
proportion of values exceeding each threshold. Specifically, for a given precipitation intensity x, the exceedance
probability is defined as the fraction of data points greater than or equal to x. Overall, this evaluation provides a
comprehensive assessment of the model's performance in both historical and future contexts, ensuring confidence
in its practical applications.

4. Results
4.1. Model Evaluation and Comparison

The performance of the four model configurations was evaluated based on their ability to preserve critical sta-
tistical properties, including the probability of zero precipitation (P0), mean, second L‐moment, L‐skewness, and
L‐kurtosis. All models showed reasonable agreement with the original data (Figure 3). While the addition of a
nonzero thresholding layer was anticipated to enhance the preservation of P0, the models with this architectural
component (WGAN_NZ and WGAN_NZ_DT) exhibited the highest bias and RMSE in preserving P0. One
possible reason is that the internal thresholding layer may act as a nondifferentiable constraint, disrupting the
generator's ability to model fine gradients near the dry/wet boundary and potentially impairing the adversarial
training process. In contrast, the simpler WGAN model, with thresholding applied postprediction by setting all
values below 0.1 mm to zero, achieved the best performance in preserving P0, with the lowest bias (− 0.006) and
RMSE (0.02), followed closely by the UNET model.

For mean precipitation, all the employed models show comparable performance in reproducing the central
tendency statistics for the hourly precipitation. The second L‐moment results revealed very close bias and RMSE
among theWGAN‐based models, whereas the UNETmodel showed the highest bias. Although the more complex
WGAN‐based models demonstrated better performance in terms of bias and RMSE (metrics that predominantly
represent most data points), the dispersion around the diagonal line was slightly greater than the WGAN and
UNET models, providing an advantage to these latter models. Increased dispersion around the 1:1 line reflects
greater variability in the model's predictive performance, which can be interpreted as higher empirical uncer-
tainty. For higher‐order statistical characteristics represented by L‐skewness and L‐kurtosis, all models performed
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similarly, with RMSE ranging from 0.10 to 0.12 for L‐skewness and from 0.08 to 0.09 for L‐kurtosis. These
results indicate very comparable bias and RMSE among all employed models. However, the simplest WGAN
structure showed the least dispersion among the 1:1 linear compared to the more complex models and slightly
better bias and RMSE than the UNET model.

The spatial and temporal correlation performance of the models was assessed to evaluate their ability to reproduce
the spatial and temporal structures of the original data (Figure 4). All models captured the general decline in
correlation with increasing longitudinal distance (Figures 4a–4c). The WGAN models showed closer alignment
with the original simulations, consistently outperforming the UNET model (Figure 4a). The maximum bias
observed among the WGAN models was approximately 0.05, with the simplest WGAN model achieving the
lowest RMSE. A similar trend was observed for the latitudinal distance lag (Figures 4d–4f). However, the bias
and RMSE in this direction were generally smaller than those for the longitudinal direction. This indicates that
latitudinal spatial variations are more straightforward for the models to capture, potentially due to the influence of
factors such as elevation gradients or simpler precipitation patterns in the latitudinal direction (More interpre-
tation of this finding is in Section 5).

Another metric used to quantify spatial similarity is the similarity index, where higher values indicate greater
similarity (refer to Figure S3 in Supporting Information S1). Across all models, the average similarity index
between simulated and original fields remained high (0.98), demonstrating overall strong agreement. However, as
model complexity increases from UNET to WGAN, WGAN_NZ, and WGAN_NZ_DT, the percentage of fields
with a similarity index below 0.8 increased, reaching 0.04%, 0.18%, 0.23%, and 0.30%, respectively. This trend

Figure 3. The evaluation between different deep learning models: (a) UNET, (b) WGAN, (c) WGAN_NZ, and (d) WGAN_NZ_DT in preserving the hourly probability
of zero and L‐moments in the study area. The color scale represents the density of the points; the point density increases as color moves from blue to red.
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suggests that while the more complex models generally maintain high similarity, there is a slight increase in the
number of outlier fields where the similarity index falls below 0.8.

In terms of temporal correlation, the more complex WGAN_NZ and WGAN_NZ_DT models exhibited higher
biases in the negative direction and the largest RMSE values (Figures 4g–4i). This finding suggests that while
these models excel in capturing spatial patterns, their complexity may introduce challenges in accurately
reproducing temporal relationships. In contrast, the WGAN and UNET models demonstrated better performance,
showing closer alignment with the original data's autocorrelation across all lags. Among these, the WGANmodel
was particularly noteworthy, achieving a bias that was very close to zero (Figure 4h). This observation highlights
its ability to balance simplicity and performance, maintaining temporal autocorrelation patterns effectively
without the trade‐offs seen in more complex models.

To eliminate regional variability and evaluate the temporal dependence of the study region as a whole, several
metrics were employed to assess the daily average temporal dependence of the simulated fields compared to the
original fields. These metrics include the coherence coefficient, the Kolmogorov‐Smirnov (KS) statistic, the
autocorrelation function (ACF) bias, and the ACF RMSE (Figure 5). All models demonstrate reasonable
coherence, with median values consistently above 0.5. TheWGANmodel achieves the highest median coherence,
followed closely by the UNET model. However, the more complex models, WGAN_NZ and WGAN_NZ_DT,
exhibit lower median values. Similarly, for the KS statistic, the UNET and WGAN models show smaller median
values than WGAN_NZ and WGAN_NZ_DT, indicating better alignment with the original data distribution. In
contrast, the WGAN_NZ and WGAN_NZ_DT models display larger KS statistics with greater variability,
reflecting reduced performance in this metric.

Figure 4. The spatial and temporal correlation of the four proposed models against the original simulations of CanRCM4. (a–c) show the longitudinal spatial correlation
results; (d–f) show the latitudinal spatial correlation results; and (g–i) show the autocorrelation structures. The error bars show the empirical 90% confidence interval,
while the points show medians.
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For ACF bias, all models demonstrate smaller biases centered around zero, indicating that none of the models
introduce significant bias into temporal dependencies. Among the models, the WGAN model has the narrowest
interquartile range and the lowest variability in ACF bias, suggesting more consistent performance in preserving
temporal autocorrelation. Conversely, WGAN_NZ shows slightly greater variability, reflecting less reliable
reproduction of temporal patterns. Similar results are observed for ACF RMSE, where the UNET and WGAN
models outperform the more complex WGAN_NZ and WGAN_NZ_DT models. These findings suggest that
increasing model complexity does not necessarily enhance the replication of temporal dependencies and, in some
cases, may even reduce performance.

Finally, we evaluated the performance of the three WGAN variants using event‐based metrics (HSS and CSI)
applied to thresholds corresponding to the median and the 75th percentile of observed hourly precipitation during
the first year of the testing period. All WGAN models exhibited comparable performance on average, with HSS
(CSI) values ranging from 0.56 to 0.64 (0.43–0.51) for the median threshold and 0.51–0.54 (0.38–0.41) for the
75th percentile. Histograms of these results are presented in Figures S4–S9 in Supporting Information S1. These
results demonstrate the ability of all CNN‐based deep learning models to accurately capture precipitation events
in both space and time. Notably, the simplest WGAN architecture slightly outperformed its more complex
counterparts in this event‐based evaluation.

To facilitate clearer comparison across the different deep learning models and evaluation metrics, a Table S2 in
Supporting Information S1 has been color‐coded to enable quick and intuitive interpretation of the results.

Figure 5. Comparison of the daily (24‐hr time series) average temporal dependencies within the study region, derived from
the simulated fields and compared to the original fields.
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4.2. WGAN Performance Visualization

To visualize the results of the WGAN model, which demonstrates a balanced and overall stronger performance,
we present examples of a one‐hour precipitation field generated by the UNET andWGANmodels (Figure 6). The
UNET model produces a smooth representation of the low‐resolution input field, lacking realistic spatial vari-
ability and fine‐scale features (i.e., heterogeneous and scattered nature of precipitation fields, exhibiting some
clustering but without an idealized smoothing effect). In contrast, theWGANmodel generates precipitation fields
with more realistic spatial patterns that better capture the high‐resolution details observed in the original field.
Additional examples of generated precipitation fields across different time steps are provided in Figure S10 in
Supporting Information S1, further demonstrating the spatial and temporal consistency of the WGAN model.
Further, additional examples of 24‐hr time series are provided in Figure S11 in Supporting Information S1.

4.3. Downscaling CMIP6 in the Canadian Prairies

As an initial showcase, we applied the UNET and WGAN models to downscale the historical simulation for the
period 1995–2004, comparing the results with CanRCM4 simulations for the same time frame. Note that the
CNRM‐ESM2‐1 outputs are offset by 30 min, starting the day at 00:30 UTC, whereas CanRCM4 begins at 00:00
UTC. As a result, discrepancies may be observed in the hourly fields (Figures 7a–7c). However, when comparing
the distributions of nonzero hourly precipitation (Figure 7d: exceedance probability plot), the downscaled data
align well with the probability distribution of CanRCM4. This alignment in the nonexceedance probability plot
provides a more precise comparison of the central portion of the distribution. Looking at extremes, the

Figure 6. Examples of one‐hour precipitation fields generated by the U‐Network model (third column) and the Wasserstein generative adversarial networks model
(fourth column), compared to the input low‐resolution field (first column) and the original high‐resolution field (second column).

JGR: Machine Learning and Computation 10.1029/2025JH000678

ABDELMOATY ET AL. 14 of 23

 29935210, 2025, 4, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2025JH

000678 by T
echnische U

niversität H
am

burg U
niversitätsbibliothek, W

iley O
nline L

ibrary on [12/11/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



downscaled historical simulation using the WGAN model closely matches the tail of the distribution of the
CanRCM4 data. This finding is expected, as the WGAN model is trained on CanRCM4 data, inherently repro-
ducing its statistical properties. In contrast, the UNET model tends to smooth the original field, explaining why
the extreme values of the UNET‐downscaled data are closer to those of the raw CMIP6 data.

While both models aim to enhance the spatial resolution of the low‐resolution inputs, the WGANmodel produces
more detailed precipitation fields than the UNETmodel. TheWGANmodel demonstrates an ability to reconstruct
fine‐scale spatial details and realistic variability in all four SSP scenarios (Figure S12 in Supporting Informa-
tion S1). It captures the heterogeneity of precipitation distribution more effectively than the UNET model. In
contrast, the UNETmodel tends to produce overly smoothed precipitation fields, leading to the loss of small‐scale
features that are critical for accurately representing precipitation dynamics and extremes. The WGAN model
reproduces sharper and more localized precipitation patterns, which are characteristic of convective storms in the
Canadian prairies. These features are either smoothed out or completely absent in the UNET outputs.

As shown in Figure 7, the WGAN model maintains its ability to generate spatially heterogeneous precipitation
distributions across all four SSP scenarios. Notably, precipitation intensity increases under higher SSP scenarios

Figure 7. Validating historical CNRM‐ESM2‐1 simulation (raw Coupled Model Intercomparison Project phase 6 model simulation) with CanRCM4 outputs, showing
(a–c) three examples of hourly fields (Note that the CNRM‐ESM2‐1 outputs are offset by 30 min) and (d) comparing the exceedance probability distributions, showing
the median across all fields in the testing data set.
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by the end of the century (2100), accompanied by more localized patterns and sharper boundaries between
different intensity levels of hourly precipitation under climate change (Figure 8). Certain areas, particularly in
high‐latitude regions, exhibit increased precipitation intensity under future climate scenarios, possibly due to
warming‐driven moisture availability (Akinremi et al., 1999). The foothills and mountainous areas in the western
portion of the domain show stronger precipitation signals inWGAN outputs, reflecting orographic influences that
are often lost in lower‐resolution fields (Teufel et al., 2017). Additionally, the apparent spatial discontinuity
between zero and nonzero precipitation values is anticipated, as hourly precipitation in this Canadian region tends
to occur in highly localized patterns (Smith et al., 2022; Vincent & Mekis, 2009). Thus, the WGAN outputs

Figure 8. The average hourly nonzero precipitation from the raw CNRM‐ESM2‐1 model (first column) and the corresponding downscaled field by the Wasserstein
generative adversarial networks model (second column), across different scenarios: SSP1‐2.6, SSP2‐4.5, SSP3‐7.0, and SSP5‐8.5 in the last year of the century, 2100.
We show the median of 10 generated ensemble members. The distribution of the 10 generated predictions in 2100 is shown in Figure S13 in Supporting Information S1.
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provide a more detailed depiction of precipitation distribution, crucial for applications in hydrology, flood risk
assessment, and climate adaptation strategies, especially in regions prone to localized storms like the Canadian
prairies.

5. Discussion
The results reveal that all four model configurations perform similarly in reproducing spatial dependence, with a
general tendency to capture latitudinal spatial correlation more effectively than longitudinal variability. This
discrepancy can be attributed to the temperature gradients and variability in the latitudinal direction, particularly
in the Canadian prairies, where hourly precipitation is predominantly driven by convective storms. Convective
precipitation events, often triggered by differential heating along latitude lines, exhibit stronger spatial coherence
in the latitudinal direction due to the more pronounced influence of temperature gradients (Helmuth et al., 2002;
Rind, 1998). Trenberth et al. (2003) emphasized the critical role of temperature gradients in modulating mid-
latitude storm tracks and convective activities, particularly in regions influenced by strong seasonal variability
like the Canadian prairies. Furthermore, this finding supports the conclusions of Pendergrass and Hart-
mann (2014), who noted that convective precipitation tends to exhibit higher spatial coherence in regions where
temperature gradients dominate precipitation dynamics. By contrast, longitudinal variability is often influenced
by more complex factors, including orographic effects, land surface heterogeneity, and wind shear, which
introduce greater challenges for downscaling models.

In terms of the temporal dependence, the UNET and WGAN models generally outperform the WGAN_NZ and
WGAN_NZ_DT models for reproducing coherence, KS statistic, and autocorrelation metrics. Studies that
compared GAN models against the UNET architecture showed that the GAN models produce more detailed
and localized outputs (Ravuri et al., 2021). While GANs with additional layers and complex structures can
address specific challenges, they often introduce variability and instability, particularly in tasks requiring
temporal coherence (Chu et al., 2020). The reduced performance of the WGAN_NZ and WGAN_NZ_DT
models in reproducing temporal dependencies may stem from their additional layers' sensitivity to noise and the
constraints imposed by the thresholding layer. The thresholding layer, designed to address precipitation
intermittency, provides substantial benefits in many applications by restricting the output domain to align with
physical reasoning or valid ranges (e.g., Goyal et al., 2023; Hoernle et al., 2021; Konstantinov & Utkin, 2023).
However, these layers, in some cases, might restrict the model's flexibility in learning temporal patterns, as
suggested by Goodfellow et al. (2016) in their foundational work on GANs. To validate each model's ability to
reproduce temporal dependencies, we accounted for training uncertainty by training each configuration 10
times independently. Our findings showed that the WGAN_NZ and WGAN_NZ_DT models exhibited the
highest training variability, underscoring their instability compared to WGAN (Figure S14 in Supporting In-
formation S1). This instability is also evident during the training procedure (Figures S15 and S16 in Supporting
Information S1). Thus, we found that postprocessing negative values generated by the WGAN model by setting
them to zero resulted in better performance than the outputs of the WGAN_NZ model for our specific case
study.

Similarly, the ConvLSTM layer in the critic network, while intended to capture temporal evolution, is known to
require careful parameter tuning to balance learning efficiency and stability (Shi et al., 2015). The competitive
nature of WGAN models, where the generator and the critic are trained adversarially, adds further complexity to
finding an optimal configuration for both networks. Including a ConvLSTM layer in the critic may not be strictly
necessary, as its primary role is to assess whether the generated fields are realistic. Replacing the ConvLSTMwith
dense (i.e., fully connected) layers that can process the time dimension explicitly may provide a more numerically
stable and efficient alternative. This approach would complement the generator, which already incorporates
temporal functionality through the ConvLSTM layer, and may explain why the WGAN without a ConvLSTM
layer in the critic performed better. However, further optimization of the network architecture, including the
potential integration of LSTM layers, could enhance overall performance. It is crucial to ensure that neither the
critic nor the generator dominates the training process, as this imbalance can hinder the performance of the other
model and ultimately degrade the system's overall effectiveness. Previous studies have also reported that simpler
architectures of GAN‐based models may outperform more complex ones (e.g., Huang et al., 2024; Jeong
et al., 2022; Purwono et al., 2025).
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It is worth noting that we initially optimized theWGAN architecture and then introduced the thresholding layer or
the ConvLSTM as subtle modifications intended to further improve P0 and temporal dependence preservation.
The lack of improvement suggests that such changes may require a more tailored architectural reoptimization to
be effective. GAN‐based models are highly sensitive to architectural changes, implying that thresholding
mechanisms may need careful integration to yield consistent benefits. Designing WGAN models is not a
straightforward process, as it involves considerable case sensitivity and experimentation to achieve the desired
outcomes. This inherent complexity underscores the importance of iterative refinement and careful consideration
of architectural choices.

The UNET model, as the simplest configuration, is expected to yield results that closely align with the original
fields. However, its primary limitation lies in its tendency to act as a smoothing operator, refining the low‐
resolution input fields into high‐resolution outputs but lacking realistic spatial inhomogeneity. This smoothing
effect makes it comparable to traditional interpolation techniques, which similarly fail to capture fine‐scale
variability and realistic spatial patterns. Despite this limitation, the UNET model surpasses interpolation or
regression methods in its ability to understand spatial features and temporal dependencies (Liu et al., 2024; Wang
et al., 2021). By leveraging deep learning, it can learn and replicate complex patterns within the data that simpler
statistical approaches cannot achieve. This ability demonstrates the model's potential as an efficient and
straightforward tool for downscaling tasks, though its limitations in representing realistic spatial variability
remain.

The effectiveness of the WGAN model in downscaling precipitation fields was further demonstrated by
comparing the distribution of historical CMIP6 simulations for the CNRM‐ESM2‐1 model with CanRCM4. The
WGAN model successfully captured the tails of the distribution (i.e., extreme values) with high fidelity to
CanRCM4, which was used for training, as also indicated in Figure A1. This result underscores the model's
proficiency in preserving spatial and temporal dependencies, as well as key distributional properties, throughout
the comprehensive evaluation analyses. Furthermore, when applied to downscale future projections for the year
2100, the WGAN model effectively translated coarse‐resolution fields into high‐resolution outputs, producing
detailed precipitation patterns. The results aligned with expected climate trends, showing an increase in pre-
cipitation extremes and a decrease in precipitation averages in the Canadian prairies under a warming climate
(Bush & Lemmen, 2019; Mapfumo et al., 2023; McGinn, 2010). This alignment further reinforces the model's
reliability for future climate projections.

However, we emphasize that the use of CMIP6 models in this study serves primarily to demonstrate the potential
and applicability of WGANmodels for downscaling precipitation fields. Further investigation is needed to assess
whether models trained on historical data can be reliably applied to future projections and whether nonstationarity
is implicitly captured when using GAN‐based approaches. Another important consideration is the potential for
systematic biases whenmodels are trained on one data set and applied to another, as differences among GCMs and
RCMs may influence the robustness of the inference. Quantifying this cross‐model uncertainty, such as evalu-
ating how the choice of training RCM affects the generated outputs or how inference on different GCMs behaves
without explicit bias correction, remains an open research question. We also note that data‐driven models cannot
guarantee physical soundness; therefore, incorporating a physical constraint, represented as a mathematical
equation, into the loss function can potentially enhance the overall performance of WGANmodels. It is important
to understand the underlying physical processes governing precipitation and the need for careful architectural
choices in model design. However, the results not only highlight the superiority of theWGANmodel over simpler
approaches like UNET but also demonstrate its potential for improving the reliability of climate projections at
regional scales. While this study focuses on the Canadian prairies, we acknowledge that the transferability of the
trained WGANmodel to other regions with different precipitation regimes may be limited, given its sensitivity to
region‐specific patterns. Future work could investigate the robustness of the WGANmodel under varying climate
conditions and its ability to generalize across different climate model outputs for even higher‐resolution
downscaling.

6. Conclusions
In this study, we compare the performance of four configurations of deep learning models (UNET, WGAN,
WGAN_NZ, and WGAN_NZ_DT) for downscaling GCM outputs (∼200 km) to the finer spatial resolution of
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RCMs (∼50 km) for hourly precipitation, focusing on the Canadian prairies. The key findings of this study are as
follows:

• All models effectively captured spatial dependence due to the use of convolutional networks. However, the
simplest WGAN structure demonstrated a slightly better performance.

• Latitudinal spatial correlation was preserved better than longitudinal correlation, which may be attributed to
the overall stronger spatial correlation observed in the original fields in the latitudinal direction than the
longitudinal direction.

• WGAN models preserved temporal dependence more effectively than the UNET model, which primarily acts
as an intelligent smoother. Among the WGAN models, the simplest structure achieved the best results under
the given the configuration.

• Introducing a thresholding layer in the generator or a ConvLSTM layer in the critic did not significantly
improve performance in this specific case study. However, optimizing the configuration along with
ConvLSTM could possibly improve the results.

• Discrepancies between the fields generated by the UNET and WGAN models were further highlighted by
downscaling CMIP6 model projections. The UNET model produced overly smoothed fields, whereas the
WGAN model generated more localized and detailed fields.

• The WGAN model successfully replicated the distribution of CanRCM4, which was used for training,
accurately capturing extreme values.

These findings underscore the potential of deep learning models, particularly WGAN‐based architectures, to
effectively downscale climate model outputs and generate detailed precipitation fields. Optimizing the archi-
tecture further could significantly enhance the reliability of downscaled outputs, improving preparedness,
especially in regions like the Canadian prairies, which are prone to intense convective storms. Future studies
should focus on refining the spatial resolution of the downscaled fields and exploring diverse patterns of
convective storms under various climatic scenarios.

Appendix A: WGAN Stochastic Performance
One of the key advantages of GAN‐based models that incorporate noise as an input is their ability to generate
ensembles of predictions, enabling probabilistic assessments that are valuable for risk analysis and uncertainty
quantification. To evaluate the spread and consistency of simulated outputs relative to the original data, we
compare statistical summaries of 100 ensemble members generated by the trained WGAN models with the
corresponding values from the original simulations. Figure A1 presents scatterplots of four L‐moments and
extreme statistics for nonzero hourly precipitation as follows: mean, second L‐moment (scale), L‐skewness,
L‐kurtosis, the 99th percentile, and the 99.9th percentile for each day within 1‐year period in the testing data set
(1987–1988) across the study area.

The strong alignment of the mean (R2 = 0.94) and second L‐moment (R2 = 0.96) statistics along the 1:1 line
suggests that the model reliably reproduces the central tendency and variability of the original simulations.
However, there is more noticeable scatter in the L‐skewness (R2 = 0.59) and L‐kurtosis (R2 = 0.66) plots,
indicating greater uncertainty and less consistency in capturing the shape of the precipitation distribution,
particularly in terms of asymmetry and tail heaviness. This deviation implies that while the WGAN ensemble
performs well in reproducing the bulk distributional features, its ability to represent extremes is somewhat
limited. However, given the inherently uncertain nature of extremes, the fact that most points remain clustered
around the 1:1 line still reflects the model's strong potential to capture extreme behavior. Moreover, the WGAN
shows an excellent ability to reproduce hourly precipitation extremes in terms of the 99th and 99.9th percentiles
within each day across the study area with very high alignment along the 1:1 line (R2 = 0.95 and 0.93, respec-
tively). Overall, the WGAN provides a valuable ensemble‐based framework capable of representing a plausible
range of extremes, supporting more robust risk assessments in hydrometeorological applications.
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Figure A1. Scatterplots comparing the range of statistics from 100 ensemble predictions generated by the trainedWasserstein
generative adversarial networks model against the original simulations for each day and each field, including (a) average,
(b) second L‐moment, (c) L‐skewness, (d) L‐kurtosis, (e) the 99th percentile, and (f) the 99.9th percentile of nonzero hourly
precipitation over 365 days during the 1987–1988 period. The color scale indicates the density of the points; the red color
shows high dense of points, while the blue is less dense of points.
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CMIP6 simulations provided by ESGF can be found by the following open‐source link: https://esgf‐node.llnl.gov/
search/cmip6/. Users should select the variable as pr, which stands for precipitation, select the frequency as
hourly, select Experiment ID as historical or ssp126, ssp245, ssp370, and ssp585 for the future scenarios, and
select the target CMIP6 model found in this study (i.e., CNRM‐ESM2‐1 model) and then download the NC files
that appear as search outputs (CNRM‐CERFACS, 2019).

CanRCM4 simulations are found on the Government of Canada website (2025).

The codes supporting this paper are openly accessible on GitHub at https://doi.org/10.5281/zenodo.17109605
(Abdelmoaty, 2025).
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